Single-cell RNA sequencing has emerged as a powerful tool for characterizing the cell-1 6
represented by Clusters 1 and 2 and cells in Batch 2 being grouped in Clusters 3 to 5 1 1 6 ( Supplementary Fig. 1D) . Similarly, SC3 inferred a 12-cluster structure. Consistent 1 1 7 with the strong batch effects observed in bulk RNA-seq analysis, when required to infer 1 1 8 a two-cluster model, both LCA and SC3 achieved a perfect separation based on the 1 1 9 batch information (NMI = 1 and 0.99, respectively). Next, we evaluated the 1 2 0 association between the batch covariate and individual LC states. When controlled at 1 2 1 FDR ≤ 0.05, the first LC state was the only one significantly associated with the batch 1 2 2 information (P < 2.2 × 10 −308 ) ( Supplementary Fig. 1E ). After excluding this state, 1 2 3 LCA retrieved an optimal structure with two clusters. Of 7005 cells profiled in the sorted 1 2 4 CD44 low subpopulation, 6733 (96.1%) were clustered into Cluster 2, suggesting that the 1 2 5 subpopulation was relatively pure. However, 1796 (26.6%) of 6757 of cells profiled in 1 2 6 the sorted CD44 high subpopulation were grouped in Cluster 2 with the CD44 low cells 1 2 7 ( Fig. 2A) . We evaluated the expression signatures for DEGs identified in bulk RNA-seq ( Supplementary Table 1 ), 356 were captured in at least 10% of the cells in one 1 3 0 sequenced population or inferred cluster. As expected, Clusters 1 and 2 had higher 1 3 1 average expression levels of genes overexpressed in the bulk-sorted CD44 high and 1 3 2 CD44 low subpopulations, respectively (Fig. 2B) . Importantly, Cluster 2 cells from the 1 3 3 sorted CD44 high subpopulation had significantly lower expression of those DEGs 1 3 4 overexpressed in the bulk CD44 high subpopulation than did Cluster 1 cells from the 1 3 5 sorted CD44 high subpopulation (P < 2.2 × 10 −308 ) or the sorted CD44 low CD44 low subpopulation showed the same pattern (Fig. 2C) . These results suggested 1 3 8 that Cluster 2 cells in the sorted CD44 high subpopulation more closely resembled 1 3 9 CD44 low cells. Moreover, the differential expression pattern was essentially captured by PLoS Genet 2, e190 (2006). The input to LCA is a gene expression matrix in which each column is a cell, and each 1 9 9
row is a gene/transcript. In UMI-based platforms, the expression level of a gene in a cell 2 0 0 is divided by the total expression in that cell to generate a relative expression matrix (T). In read-count based platforms, T can be derived from size factor normalized expression 2 0 2 measures. The relative expression matrix is then log-transformed after adding a zero-2 0 3 correction term:
where Ԗ is an arbitrarily small number. We obtain the LC states from a singular value decomposition (SVD) of
where ‫܁‬ is a cell-by-LC states matrix. We note that under certain conditions, ‫܁‬ is the Determination of significant LC states 2 1 0
We apply the Tracy-Widom test to associated eigenvalues to determine which LC states 2 1 1 are significant 10, 18, 19 . The LC state associated with the eigenvalue ߣ is significant if it is 2 1 2 significantly different (P < 0.05) from the Tracy-Widom distribution, with
where ݊ is the total number of genes and ݉ is the total number of LC states. We then 2 1 4 discard all the LC states that are not significant or strongly associated with known 2 1 5 technical variations (e.g., cell-specific library complexity and batch information), leading Distances between cells in ‫܁‬ (the cell-by-LC states matrix) are calculated using cosine 2 2 0 distance: We perform spectral clustering 20 on the resulted distance matrix to derive a set of 2 2 6 candidate clustering models with a range of cluster numbers (i.e., 2 -20 by default). The cell-gene relative expression matrix was decomposed by PCA and the significant 2 3 0 components were determined using the Tracy-Widom test. Distance between cells was 2 3 1 measured by the correlation distance of significant components. The optimal number of clusters and informative cellular states
We rank the candidate clustering solutions (with different number of clusters) by the 2 3 5 silhouette score 11 measured in the PC space. With 2 or more clusters, the silhouette average dissimilarity to other cells in its cluster. We calculate the silhouette as
We assign a silhouette score of zero for the default solution of one cluster. An end-user 2 4 0 may evaluate the top candidate solutions to determine the optimal number of solutions 2 4 1 or specify it with a priori biological knowledge. . We then rotated the labels of the three sets of genes to make three summarized in Supplemental Table 3 . For each set of parameters, we generated 100 2 7 5 random samples for testing. Normalized mutual information and variation of information 2 7 8
We evaluate the performance of clustering against true labels of cells by using 2 7 9
normalized mutual information (NMI) 21 and variation of information (VI) 22 . We use the R 2 8 0 package igraph to calculate both metrics 23 . used SIMLR_Large_Scale() instead of SIMLR(). The human alveolar rhabdomyosarcoma cell line Rh41 was grown in culture in a 5% transferred to a separate tube for the isotype control. The cells were washed with 1 mL 2 9 7 of staining buffer (5% BSA/PBS) and centrifuged at 300 × g for 5 min. The pellet, For the single-cell experiment, Rh41 cells were grown in culture, harvested, and 3 0 8 washed in DPBS as described above. They were then resuspended in PBS/0.2% BSA Single-cell suspensions were loaded onto the Chromium Controller according to their Bead-in-EMulsions). The library was prepared using the Chromium Single Cell 3′ v2 3 1 5 1 6
Library and Gel Bead Kit (10x Genomics) in accordance with the manufacturer's 3 1 6
protocol. The cDNA content of each sample after cDNA amplification for 12 cycles was 3 1 7 quantified, and the quality was checked by High-Sensitivity DNA chip analysis on an 3 1 8
Agilent 2100 Bioanalyzer (Agilent Technologies, Santa Clara, CA) at a dilution of 1:6. This quantification was used to determine the final library amplification cycles in the 3 2 0 protocol, which were calculated out to 12 cycles. After library quantification and a quality implemented to process the raw sequencing data from the Illumina HiSeq run. This processing to generate gene-cell matrices used for downstream analysis. After matrix generation, the ribosomal and mitochondria-related genes were filtered. If not specifically stated, the statistical significance was evaluated by the Wilcoxon rank 3 4 9 sum test. The Rh41 scRNA-seq dataset generated during the current study is available from the implementing LCA has been developed and will be made generally available in conjunction with publication of this manuscript. Multivariate Analysis 98, 873-895 (2007) . throughput sequencing data. Bioinformatics 31, 166-169 (2015) . for differential expression analysis of digital gene expression data. Bioinformatics 3 8 0 26, 139-140 (2010) . (mostly in small datasets). However, its performance deteriorated for other datasets, cells in two simulated models ( Supplementary Fig. 2C, D subpopulation structure in this large dataset (compared to the 1108 subpopulations 5 0 7 predicted by SC3). We selected representative genes encoding surface markers, difference between the CD4+ subsets and CD8+ subsets. As expected, Clusters 3 and 5 1 3 4 were found next to the CD8+ ab T and CD4+ ab T cells. Cluster 1 was found near the 5 1 4
T mem population. Cluster 2 consisted mostly of T reg cells and a smaller fraction of CD4+ 5 1 5
helper cells that was located adjacent to the T reg population. Both the CD4+ helper and 5 1 6
cytotoxic T-cell populations were split approximately equally between naïve and 5 1 7 differentiated cells and were spotted between their corresponding naïve clusters 5 1 8
(Cluster 3 for CD8+ cells and Cluster 4 for CD4+ cells) and differentiated clusters 5 1 9
(Clusters 1 and 2 for CD4+ cells and Cluster 5 for CD8+ cells). Analysis of selected 5 2 0 genes validated the separation of naïve and differentiated cells in the CD4+ helper and 5 2 1 cytotoxic T cells (Supplementary Fig. 3 ). An evaluation of the first LC state inferred clusters. Similarly, the second LC state recaptured the CD4+ and CD8+ difference in 5 2 5 the dataset. These results showed that LCA identified LC states of biological importance
